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a  b  s  t  r  a  c  t
Assessing  exposures  from  the  thousands  of  chemicals  in  commerce  requires  quantitative  information
on  the  chemical  constituents  of  consumer  products.  Unfortunately,  gaps  in available  composition  data
prevent  assessment  of  exposure  to chemicals  in  many  products.  Here  we  propose  ﬁlling  these  gaps  via
consideration  of  chemical  functional  role.  We  obtained  function  information  for thousands  of chemicals
from  public  sources  and used  a  clustering  algorithm  to  assign  chemicals  into  35 harmonized  function
categories  (e.g.,  plasticizers,  antimicrobials,  solvents).  We  combined  these  functions  with  weight  frac-
tion data  for  4115  personal  care  products  (PCPs)  to characterize  the  composition  of  66  different  product
categories  (e.g.,  shampoos).  We  analyzed  the  combined  weight  fraction/function  dataset  using  machine
learning  techniques  to develop  quantitative  structure  property  relationship  (QSPR)  classiﬁer  models  for
22 functions  and  for  weight  fraction,  based  on chemical-speciﬁc  descriptors  (including  chemical  prop-osmetics
xpoCast
erties).  We  applied  these  classiﬁer  models  to a library  of 10196  data-poor  chemicals.  Our  predictions  of
chemical  function  and  composition  will inform  exposure-based  screening  of  chemicals  in  PCPs  for  com-
bination  with  hazard  data  in risk-based  evaluation  frameworks.  As new  information  becomes  available,
this  approach  can  be applied  to  other  classes  of products  and  the chemicals  they contain  in  order  to
er  pr
evierprovide  essential  consum
Published  by Els
. Introduction
Assessment of the risks associated with chemicals in consumer
roducts relies not only on characterization of hazard or toxicity,
ut also on the exposures encountered during use [1,2]. Consumer
roducts contain and can release large numbers of chemicals to
hich humans are exposed directly during use or indirectly via
ontact with contaminated household air or dust [3–9]. Consumer
roduct chemicals have been widely found in human blood and
rine, and exposures from indoor or proximate “near-ﬁeld” sources
which include consumer formulations and articles) generally are
arger than the doses that result from “far-ﬁeld” (e.g., industrial)
ources of exposure [10–12].
∗ Corresponding author.
E-mail address: isaacs.kristin@epa.gov (K.K. Isaacs).
1 Work performed while an EPA employee.
ttp://dx.doi.org/10.1016/j.toxrep.2016.08.011
214-7500/Published by Elsevier Ireland Ltd. This is an open access article under the CC Boduct  data  for use  in  exposure-based  chemical  prioritization.
 Ireland  Ltd.  This  is an  open  access  article  under  the CC  BY-NC-ND  license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Despite such high potential for exposure, critical gaps exist in
both qualitative information describing the variety of chemicals
contained in different categories of consumer products and in quan-
titative data on the weight fractions, both of which are key inputs to
numerous exposure assessment frameworks and models [13–18].
However, due to limited public reporting requirements, conﬁden-
tial business considerations, and lack of harmonized chemical and
product categorizations, speciﬁc data describing the composition
of consumer products are often unavailable or incomplete [19,20].
These critical data gaps impede the quantiﬁcation of exposures
due to consumer product sources, and are especially notewor-
thy when considered in the context of prioritizing thousands of
untested commercial chemicals on the basis of risk. The U.S. Envi-
ronmental Protection Agency (EPA), under its ExpoCast program,
is developing high-throughput (HT) computational methods for
prediction of chemical exposures for combination with in vitro
hazard information [1], with a particular goal of developing expo-
Y-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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oig. 1. Workﬂow for using existing chemical function and weight fraction datasets t
eight fraction for use in estimation of chemical exposure.
ure estimates for chemicals being evaluated by the ToxCast [21]
nitiative and the Tox21 interagency consortium [22]. A recent
ocus of ExpoCast has been the development of improved near-
eld (e.g., residential) exposures using both empirical [10,23] and
echanistic [13] approaches. To parameterize these efforts, U.S.
PA has developed new sources of information on how chemicals
re used in commerce. EPA’s Chemical/Product Categories Database
CPCat) [24,25] is a harmonized index of chemical use in prod-
cts and sectors based on multiple publicly available data sources.
ne source within CPCat, the Consumer Product Chemical Proﬁle
atabase (CPCPdb) [26] contains product ingredients and quanti-
ative weight fractions derived from Material Safety Data Sheets
MSDS) for 1797 chemicals in nearly 9000 consumer products.
nfortunately, these quantitative data are limited to a relatively
mall fraction of products (and chemicals) currently in commerce.
ethods are needed for extrapolating this existing knowledge to
dditional products and chemicals in a systematic manner.
In this work we present an approach for ﬁlling gaps in consumer
roduct chemical use and composition data based on chemical
unction, and apply it to a case study of chemicals in personal
are products (PCPs). Intentionally-added chemicals are present
n consumer products because they serve a speciﬁc functional
ole that addresses either product performance or marketability.
he functional role of an ingredient is deﬁned by the chemical’s
roperties and aids in determining its weight fraction in products.
or example, Chevillotte et al. [27] described an exposure assess-
ent method for cosmetics based on developing a “standard” or
virtual” composition of a product based on the weight fractions
ssociated with chemical “families” across multiple product for-
ulations. These families included functions such as “plasticizer”
nd “solvent.” Here, we build on this approach by collecting and
urating publicly-available function categorizations for thousands
f chemicals, and combine these function categories with MSDS-
ased product weight fractions to build empirical compositions
or general formulations) based on real products in commerce for
6 categories of PCPs. These empirical compositions will be useful
or parameterizing consumer exposure models for new or existing
CP chemicals when quantitative composition information is not
vailable.
In addition to generating virtual compositions, we also describe
 framework for predicting the probability of an arbitrary chemical
aving a given functional role and associated product weight frac-
ion. This framework combines the function and ingredient weight
raction data to generate a series of machine-learning quantita-
ive structure property relationship (QSPR) classiﬁcation models
or predicting functional role and weight fraction for large numbers
f chemicals from chemical properties and other available descrip-d empirical compositions and QSPR classiﬁcation models for chemical function and
tors (Fig. 1). These supervised learning models make use of known
information about the characteristics of chemicals having certain
functions to classify chemicals for which function is unknown. We
apply these models to predict chemical functions for a library of
over 10000 chemicals that are mostly data-poor, and corresponding
weight fractions for hundreds of chemicals known to be present in
PCPs. These methods are ﬂexible and can be extended to additional
chemical functions, products, or use sectors in support of HT pri-
oritization of large numbers of chemicals on the basis of exposure
potential or risk.
2. Methods
2.1. Chemical function data
Data describing the functions associated with individual chem-
icals (identiﬁed by Chemical Abstract Service Registry Numbers,
CASRNs) were obtained from publicly-available government and
industry sources; these data were curated into a harmonized Func-
tional Use (FUse) database. Details (including sources) are provided
in the Supplemental Information (SI). The largest source of data was
the European Commission’s Cosmetic Ingredient Database (CosIng)
[28]. CosIng identiﬁes different functional roles for cosmetic ingre-
dients; a cosmetic is deﬁned in CosIng to include a wide range
of PCPs including lotions and creams, make-up, hair and body
cleansing products, dental care products, fragrances, deodorants
and antiperspirants, and suncreens [29]. A total of 10373 unique
chemicals in PCPs were identiﬁed.
Many of the chemicals in the database were associated with
multiple function categories. For the purpose of this study, we
harmonized the function categories based on the similarity of the
chemical groups associated with each category. For example, the
majority of the chemicals classiﬁed as surfactants were also iden-
tiﬁed as cleansers and/or emulsiﬁers, so these chemicals were
combined into a single harmonized category. This harmonization
was based on a cluster analysis[30] of the function “ﬁngerprint”
of chemicals; a total of 36 harmonized functional categories rel-
evant to PCPs were identiﬁed (details of the analysis and the
results provided in the SI). A few chemicals had a greater variety
of function classiﬁcations (e.g., “ethyl alcohol” had six functions:
antifoamer, antimicrobial, astringent, solvent, masking agent, and
viscosity controller). These chemicals were not assigned a single
harmonized function for the purpose of calculating empirical com-
positions. Instead, these chemicals were categorized by name in
the dataset, as they take on a variety of functions across different
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roduct categories. These chemicals included zinc oxide, methyl
alicylate, zinc pyrithione, ethyl alcohol, and sodium bicarbonate.
.2. MSDS ingredient data
A database of MSDS-derived ingredient weight fractions in PCPs
as developed for use in generating empirical compositions and
redictive models. This database included 2433 PCPs reported
n the CPCPdb [26], and an additional 1682 PCPs collected from
roduct MSDS sheets provided online by manufacturers. Only
ngredients for which CASRN were reported were retained. Details
f the data sources and data collection are provided in the SI.
We  previously assigned the products in this dataset to har-
onized consumer product categories developed for exposure
odeling purposes [13]. In that analysis, categories were aggre-
ated to a speciﬁcity dictated by the available consumer product
se information (e.g., population prevalence or frequency of use).
or generation of the empirical compositions, however, the avail-
ble PCP categories were reﬁned where possible. For example, the
ategory “eye makeup,” was subdivided here into eyeshadows, eye-
iners, and mascaras. In addition, several categories were further
eﬁned by form (e.g., gel, spray, powder) where indicated by the
ame of the product, and professional-use products (e.g., hair col-
rs) were identiﬁed. A total of 66 categories were deﬁned; ﬁnal
ategories and number of products in each are listed in SI Table 2.
.3. Function-based empirical compositions for personal care
roduct categories
The harmonized chemical function (FUse) dataset (comprising
nique function-CASRN pairs) and the ingredient weight fraction
ata were merged by CASRN for calculating empirical compositions
or each product category. Summary statistics (mean, standard
eviation, and select percentiles) for the weight fractions asso-
iated with each chemical function within each PCP category
ere calculated using the SAS UNIVARIATE procedure. Some MSDS
eported nominal ranges (e.g. “0.1-1.0%”), in those cases, we chose
o use the maximum of the range to be conservative. The number
f unique chemicals and the chemical most frequently associated
ith each function for each product category were also determined,
s was fraction of the products (or formulations) in each category
ontaining at least one chemical with a given function.
.4. Machine-learning models of function and weight fraction for
se in chemical screening and prioritization
The merged function-ingredient dataset was used to develop a
eries of machine-learning QSPR classiﬁcation models [31] for both
unction and weight fraction (Fig. 1). QSPR models describe the rela-
ionship between a chemical’s known descriptors (e.g. structural or
hysiochemical information) and another property or characteris-
ic of the chemical. QSPR models are based on either regression
r classiﬁcation methods, and can employ a variety of data-driven
tatistical techniques. The classiﬁcation models built here take
ategorical or continuous chemical descriptors (i.e., predictive vari-
bles) as input and return assignment of the chemical into the class
f interest (herein function or weight fraction bin). These descrip-
ors (deﬁned in SI Table S3) included 13 predicted or measured
hemical properties obtained from EPI-Suite [32] and 16 simple
escriptors of chemical use previously developed for the Tox21
hemical library and evaluated for inclusion in heuristic models
f exposure [23]. Descriptors were available for 2981 chemicals for
uilding the function models. Multiple classiﬁcation models (one
or each function with >10 chemicals for which descriptors were
vailable) were built using random forests [33] with the R [34]
ackage randomForest [35]. Random forest classiﬁers are ensem-ports 3 (2016) 723–732 725
bles of decision trees; each tree is built from a sampled subset of
the test data. The classiﬁcation models were built by analyzing the
descriptors for all the chemicals that had a given function versus all
the chemicals that did not; descriptors that best “separate” these
two groups were identiﬁed. Each resulting model returns a prob-
ability of an arbitrary chemical performing the function based on
its descriptors; this probability is equal to the fraction of the trees
in the forest returning a positive classiﬁcation for the chemical.
Models were built using 5000 decision trees and downsampling
[36] was  implemented to account for imbalanced groups in the
data. Estimates of the model error, sensitivity, speciﬁcity, and bal-
anced accuracy (BA; mean of the speciﬁcity and sensitivity) were
obtained using 5-fold cross-validation [37]. In addition, the method
of y-scrambling [38] was used to further test the validity of the
predictive models; models for each function were built for 10 sets
of randomly-scrambled dependent variables (yes/no classiﬁcations
for each function) and the mean and range of errors compared with
the true model errors. Models with error greater than or equal to
those generated by using the y-scrambled data were considered
invalid.
An additional random forest model for weight fraction was built
using a subset of the functional use dataset that could be merged
with the ingredient weight fraction data; 17103 observations (828
chemicals) could be matched to the existing descriptors. The con-
tinuous quantitative weight fractions in the ingredient data were
transformed using an logit (inverse logistic) function and then
divided into three weight fraction bins (high: 0.3-1.0, medium:
0.01-0.3, and low: 0-0.01) for use in the predictive model; candidate
bin boundaries were determined by a visual examination of a his-
togram of the transformed data (SI Fig. S1 and Table S4). A random
forest model for weight fraction bin was then built using function
and property/use descriptors (5000 trees); the model error was
estimated using 5-fold cross-validation and the model was tested
using y-scrambling.
Predictive variable (descriptor) importance for both the function
and weight fraction models was evaluated via a measure of the
Gini importance [33], a mean (across all trees in the forest) of the
decrease in the Gini impurity criterion (a measure of entropy) that
results when a tree is split using a given descriptor as a classiﬁer.
2.5. Application of the QSPR models for function and weight
fraction to a case-study library of data-poor chemicals
The resulting QSPR classiﬁcation models for function and weight
fraction were applied to a library of chemicals having limited use
and exposure data. This library included 10196 chemicals (includ-
ing Tox21 chemicals) with either known use in PCPs but no weight
fraction information (N = 538) or unknown speciﬁc use (N = 9658).
The function and weight fraction models were applied to the ﬁrst
group; the function models were applied to the second. In our pre-
vious analysis of these thousands of chemicals with unknown use,
the only available HT use heuristic shown to be correlated with
exposures inferred from biomonitoring data was  production vol-
ume  [23].
The QSPR classiﬁcation models were applied in a two-step man-
ner to each data-poor chemical; each function model returned a
probability (Pr) of the chemical having the function (equal to the
fraction of the trees in the forest that returned a positive clas-
siﬁcation). Next, using the function associated with the highest
probability, the weight fraction model was  applied to predict a
weight fraction bin (high/mid/low) for the chemical.
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. Results
.1. Function-based empirical compositions for personal care
roduct categories
The function and MSDS-based ingredient datasets were merged
nd summarized to develop empirical compositions in terms
f function for the 66 PCP categories. Over 97% of the weight
raction observations could be matched to a function. The merged
ataset comprised a total of 828 unique chemicals and 4115
ndividual PCPs, encompassing a total of 20975 records (weight-
raction/product category pairs) for use in generating empirical
ompositions. Harmonized function categories with the largest
umber of chemicals in the merged data were masking agents
N = 104), perfumes (N = 94), surfactants/cleansers/emulsiﬁers
N = 68), viscosity-controlling/emulsion stabilizers/binders
N = 60), emollients (N = 54), and colorants (N = 49). (Since the
osIng uses “perfume” as a function category label, we  will later
se “fragrances” to refer to products such as colognes, etc.)
The function-based empirical compositions for the 10 PCP cat-
gories with the largest number of unique products represented
n the merged function-ingredient dataset are given in Table 1;
unctions appearing in at least 10% of the category formulations
re reported. Compositions for all 66 categories (including addi-
ional percentiles) are given in SI Table S5. Weight fractions within
 category that total more or less than 100% are due to variability
cross individual products or unreported ingredients on the MSDS.
edian weight fractions across all functions and product categories
re illustrated in Fig. 2. The highest median weight fractions across
ll product categories were found for solvents and skin condition-
rs, while in general the lowest weight fractions were found for
olorants and preservatives.
The estimates of mean weight fraction for functions estimated in
he current study compared favorably with available values derived
y Dutch National Institute for Public Health and the Environment
RIVM) for use with the ConsExpo exposure model [15] for different
CP types [39] (SI Fig. S2); the RIVM values on the plot are means
f reported values for products falling within the PCP categories
sed in this study. For several product categories, the RIVM values
ere higher than the current estimates. However, for 49 out of 67
roduct category-function pairs that could be compared, the RIVM
alue fell below the 95th percentile of the distributions we  derived.
.2. QSPR models for functions and weight fraction
The descriptors (properties and use) used in developing the clas-
iﬁcation models for function and weight fraction are listed in SI
able 3. The random forest model for predicting weight fraction
assed the y-scrambling test (having an overall 5-fold cross val-
dation error estimate of 16.7% compared to 45% obtained using
crambled weight fractions). The confusion matrix for the model is
iven in Table S6 of the SI; the largest potential for misclassiﬁcation
as high weight fractions being classiﬁed as medium. Function was
he descriptor with the greatest importance in classifying weight
raction bin (SI Fig. S3), followed by molecular weight and vapor
ressure. This result indicates that function is indeed relevant in
redicting weight fraction in products. Production volume was  the
nly use descriptor among the twelve highest-ranked predictors
or weight fraction.
Descriptors (properties and use) were available for 2981 chemi-
als in the harmonized function dataset. A total of 26 functions had
ata for 10 or more chemicals; QSPR classiﬁcation models were
uilt for these functions. Of these 26 models, 22 were found to be
cceptable using y-scrambling validation. These 22 models demon-
trated good performance as measured by 5-fold cross-validation
Table S7). All 22 acceptable models had errors <19%; the bestports 3 (2016) 723–732
models were for propellants (1% error), colorants (6%) and oral-
care/anti-plaque agents (4%). A model sensitivity and BA >70% was
obtained for 19 and 21 functions, respectively; all function predic-
tion models had speciﬁcity >82%. The predictive importance of the
descriptors as measured by the Gini importance varied across func-
tion (illustrated in SI Fig. S4); this metric identiﬁes the descriptors
that had the most inﬂuence in predicting whether or not a chemical
has a given function in the QSPR models. In general, the properties
were much more important than the use descriptors, with the log
of the octanol-water partition coefﬁcent, boiling point, molecular
weight, Henry’s Law constant, and vapor pressure having rela-
tively high Gini importance across many of the functions. The most
inﬂuential use descriptor across functions was production volume
(which, for example, was important for classifying solvents); the
simple use descriptor for “colorant” was important for classify-
ing the function “colorant” (indicating consistency across our use
databases derived from different sources), as was  the “personal care
product use” descriptor in identifying preservatives, colorants, and
perfumes.
The QSPR classiﬁcation models were applied to a library of
10196 chemicals (including Tox21 library chemicals) having lim-
ited available exposure and use data. The heatmap in Fig. 3
illustrates predicted function probabilities (Pr) for chemicals with
unknown speciﬁc use (N = 9658) and Pr and weight fraction bin
predictions for those having known PCP use (N = 538). The darker
bands indicate higher probability of a chemical having the function;
the color of the bar on the far right side indicates weight fraction
bin. Function was predicted with Pr > 0.9 for 197 of the PCP chem-
icals (37%), with chemicals most often predicted to be colorants,
perfumes, preservatives, and emollients. For the chemicals with
unknown use, function was predicted with Pr > 0.9 for 1360 chemi-
cals (14%), with perfumes (640 chemicals), skin conditioners (299),
colorants (35), and hair dyeing agents (73) making up a majority of
the high probability results. Weight fractions were only predicted
for chemicals with a maximum assigned Pr > 90%. Overall, based on
their most likely predicted function, less than 1% of the weight frac-
tions were predicted to be high weight fraction (30%-100% of total
weight); 35% and 65% of the chemicals were respectively predicted
to be in the medium and low weight fraction bins.
4. Discussion
The work presented in this paper is a step towards estimating
in a HT fashion the functions and weight fractions of chemicals
in one category of consumer products (PCPs). In the future this
approach can be extended to additional types of products. The
function and product categories developed here are not deﬁnitive;
larger harmonized sets of function and consumer product catego-
rizations would be useful in developing comprehensive databases
of chemical-product-function sets for support of multiple mod-
eling efforts. Barriers can exist to obtaining timely and abundant
weight fraction data for exposure assessment (e.g. rapidly chang-
ing formulations and conﬁdentiality concerns). We  are currently
working to expand and harmonize the CPCat [24] and CPCdb
[26] databases to include additional chemical ingredient, function,
and weight fraction information from a wider variety of sources,
including additional manufacturer or retailer MSDS repositories,
government[40] or industry[41] programs, and reported ingredi-
ent lists. We hope that providing this harmonized database to the
public will encourage use by exposure assessors in both industry
and government and promote further data sharing and trans-
parency. These data can inform multiple tiers of exposure modeling
− from targeted exposure assessments for single chemicals in sin-
gle products, to HT (and high-uncertainty) approaches for chemical
screening and prioritization. Targeted assessments are often more
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Table 1
Empirical compositions (function-based weight fraction distributions) for the 10 personal care product categories having the largest number of unique products (N) represented in the merged function-ingredient data.
Category Function Percent of
Formulations
Containing Function
Weight Fraction Number of Unique
Chemicals Associated
with Function
Most Common
Chemical
Mean Median SD
BODY WASH (N = 150) Solvents 40.67 0.468 0.200 0.422 6 AQUA (7732-18-5)
Surfactants/Cleansers/Emulsiﬁers 68.67 0.075 0.050 0.070 19 SODIUM LAURETH SULFATE
(9004-82-4)
Viscosity-Controlling/Emulsion
Stabilizers/Binding Agents
28.67 0.035 0.030 0.030 10 SODIUM CHLORIDE (7647-14-5)
Buffering Agents 21.33 0.023 0.001 0.133 6 CITRIC ACID (77–92-9)
Chelating Agents 22.67 0.021 0.010 0.051 4 TETRASODIUM EDTA (64-02-8)
Masking Agents 33.33 0.018 0.010 0.036 18 TETRAMETHYL
ACETYLOCTAHYDRONAPHTHALENES
(54464-57-2)
Perfumes 17.33 0.010 0.010 0.000 11 HEXYL CINNAMAL (101-86-0)
Preservatives 24.67 0.005 0.001 0.012 14 METHYLPARABEN (99-76-3)
Colorants 13.33 0.003 0.000 0.012 8 CI 19140 (1934-21-0)
FACE  CREAM/MOISTURIZER (N = 154) Solvents 47.40 0.191 0.100 0.254 6 GLYCERIN (56–81-5)
Emollients 12.99 0.066 0.050 0.052 14 DIMETHICONE (9006-65-9)
UV  Absorbers/Filters 21.43 0.065 0.050 0.035 7 ETHYLHEXYL SALICYLATE (118-60-5)
Antiseborroeic 32.47 0.047 0.050 0.010 1 NIACINAMIDE (98-92-0)
Surfactants/Cleansers/Emulsiﬁers 13.64 0.033 0.015 0.034 8 TRIETHANOLAMINE (102-71-6)
Viscosity-Controlling/Emulsion
Stabilizers/Binding Agents
21.43 0.032 0.015 0.025 17 CETYL ALCOHOL (36653-82-4)
Skin  Conditioners 27.92 0.025 0.015 0.022 12 PENTYLENE GLYCOL (5343-92-0)
Colorants 12.34 0.015 0.010 0.018 7 CI 77891 (13463-67-7)
Preservatives 12.99 0.008 0.010 0.003 7 PHENOXYETHANOL (122-99-6)
FRAGRANCE (N = 150) Ethyl Alcohol 47.33 0.883 0.980 0.188 1 ALCOHOL (64-17-5)
Solvents 35.33 0.286 0.300 0.275 10 AQUA (7732-18-5)
Surfactants/Cleansers/Emulsiﬁers 12.00 0.082 0.050 0.046 10 SODIUM LAURYL SULFATE (151-21-3)
Masking Agents 47.33 0.025 0.010 0.034 55 TETRAMETHYL
ACETYLOCTAHYDRONAPHTHALENES
(54464-57-2)
Skin  Conditioners 14.67 0.025 0.010 0.028 3 ALPHA-ISOMETHYL IONONE
(127-51-5)
Perfumes 40.67 0.017 0.010 0.017 57 METHYLENEDIOXYPHENYL
METHYLPROPANAL (1205-17-0)
Tonics  13.33 0.007 0.010 0.004 3 GERANIOL (106-24-1)
HAIR  COLOR (N = 108) Buffering Agents 84.26 0.075 0.050 0.037 4 ETHANOLAMINE (141-43-5)
Solvents 11.11 0.072 0.050 0.052 4 ISOPROPYL ALCOHOL (67-63-0)
Viscosity-Controlling/Emulsion
Stabilizers/Binding Agents
50.93 0.069 0.050 0.035 6 CETEARYL ALCOHOL (67762-27-0)
Surfactants/Cleansers/Emulsiﬁers 83.33 0.062 0.050 0.029 11 OLETH-10 (9004-98-2)
Antistatic Conditioners 41.67 0.052 0.050 0.009 3 SOYTRIMONIUM CHLORIDE
(61790-41-8)
Perfumes 35.19 0.040 0.010 0.052 6 TERPENES AND TERPENOIDS MIXED
SOUR AND SWEET ORANGE OIL
(68917-57-7)
Hair  Dyeing Agents 81.48 0.025 0.015 0.019 21 P-PHENYLENEDIAMINE (106-50-3)
Masking  Agents 17.59 0.013 0.010 0.012 3 D-LIMONENE (5989-27-5)
HAIR  CONDITIONER (N = 141) Solvents 24.11 0.373 0.020 0.463 5 AQUA (7732-18-5)
Viscosity-Controlling/Emulsion
Stabilizers/Binding Agents
19.15 0.047 0.050 0.026 4 CETYL ALCOHOL (36653-82-4)
Antistatic Conditioners 75.89 0.045 0.050 0.013 11 STEARAMIDOPROPYL
DIMETHYLAMINE (7651-02-7)
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Table 1 (Continued)
Category Function Percent of
Formulations
Containing Function
Weight Fraction Number of Unique
Chemicals Associated
with Function
Most Common
Chemical
Mean Median SD
HAIR SPRAY (N = 128) Ethyl Alcohol 88.28 0.547 0.550 0.218 1 ALCOHOL (64-17-5)
Solvents 32.81 0.364 0.375 0.196 8 DIMETHYL ETHER (115-10-6)
Propellants 32.81 0.277 0.250 0.154 4 HYDROFLUOROCARBON 152A
(75-37-6)
Film-Forming Agents 10.94 0.056 0.050 0.017 4 VA/CROTONATES/VINYL
NEODECANOATE COPOLYMER
(58748-38-2)
Buffering  Agents 20.31 0.014 0.010 0.012 2 AMINOMETHYL PROPANOL (124-68-5)
HAND/BODY LOTION (N = 143) Solvents 72.73 0.443 0.200 0.413 3 GLYCERIN (56–81-5)
Emollients 26.57 0.077 0.050 0.166 10 GLYCERYL STEARATE (31566-31-1)
Skin  Conditioners 28.67 0.059 0.050 0.133 8 PROPYLENE GLYCOL (57-55-6)
Surfactants/Cleansers/Emulsiﬁers 37.76 0.055 0.020 0.162 17 TRIETHANOLAMINE (102-71-6)
Viscosity-Controlling/Emulsion
Stabilizers/Binding Agents
36.36 0.030 0.010 0.082 12 CETYL ALCOHOL (36653-82-4)
Masking Agents 13.99 0.021 0.010 0.022 13 BENZOPHENONE (119-61-9)
Chelating Agents 14.69 0.011 0.010 0.015 3 DISODIUM EDTA (139-33-3)
Preservatives 36.36 0.009 0.010 0.011 13 METHYLPARABEN (99-76-3)
Antioxidants 18.18 0.005 0.001 0.004 4 TOCOPHERYL ACETATE (7695-91-2)
Colorants 13.29 0.002 0.001 0.004 8 CI 77891 (13463-67-7)
NAIL  POLISH (N = 117) Solvents 78.63 0.310 0.300 0.223 16 ETHYL ACETATE (141-78-6)
Ethyl  Alcohol 17.95 0.287 0.300 0.087 1 ALCOHOL (64-17-5)
Film-Forming Agents 80.34 0.169 0.100 0.204 14 NITROCELLULOSE (9004-70-0)
Plasticizers 18.80 0.048 0.045 0.027 3 TRIMETHYL PENTANYL
DIISOBUTYRATE (6846-50-0)
Viscosity-Controlling/Emulsion
Stabilizers/Binding Agents
34.19 0.045 0.010 0.044 10 PVP (9003-39-8)
Masking Agents 29.06 0.034 0.020 0.030 5 CAMPHOR (76-22-2)
Surfactants/Cleansers/Emulsiﬁers 16.24 0.010 0.010 0.007 2 TRIETHANOLAMINE (102-71-6)
UV  Absorbers/Filters 13.68 0.010 0.005 0.015 3 BENZOPHENONE-1 (131-56-6)
Emollients 11.97 0.009 0.010 0.005 3 DIMETHICONE (9006-65-9)
Colorants 44.44 0.006 0.000 0.019 26 CI 77891 (13463-67-7)
Preservatives 20.51 0.006 0.010 0.004 7 DMDM HYDANTOIN (6440-58-0)
SHAMPOO (N = 242) Solvents 15.70 0.523 0.630 0.381 7 AQUA (7732-18-5)
Surfactants/Cleansers/Emulsiﬁers 86.36 0.085 0.100 0.028 23 SODIUM LAURYL SULFATE (151-21-3)
Viscosity-Controlling/Emulsion
Stabilizers/Binding Agents
23.14 0.039 0.050 0.022 6 COCAMIDE MEA (68140-00-1)
Buffering Agents 18.18 0.029 0.030 0.021 5 CITRIC ACID (77–92-9)
SHAVING CREAM, GEL (N = 102) Surfactants/Cleansers/Emulsiﬁers 29.41 0.077 0.070 0.022 3 TRIETHANOLAMINE (102-71-6)
Solvents 98.04 0.076 0.050 0.152 4 ISOPENTANE (78-78-4)
Propellants 33.33 0.022 0.010 0.019 2 ISOBUTANE (75-28-5)
Skin  Conditioners 16.67 0.016 0.005 0.025 2 PROPYLENE GLYCOL (57-55-6)
Viscosity-Controlling/Emulsion
Stabilizers/Binding Agents
10.78 0.011 0.010 0.011 4 PTFE (9002-84-0)
Perfumes 24.51 0.010 0.010 0.000 2 4-tert-BUTYLCYCLOHEXYL ACETATE
(32210-23-4)
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ata-rich: speciﬁc product concentration data may  be available,
nd time and resources allow for a greater examination of the
rocesses that ultimately lead to human exposures. However, HT
ow-tier models that are most ﬁt for prioritization must rely heav-
ly on data that is readily available for thousands of chemicals. For
hese efforts, models such as those developed here are appropriate
or ﬁlling gaps in available information.
.1. Function-based empirical compositions for personal care
roducts
Quantitative estimates of chemical consumer product weight
ractions for chemicals are used in many chemical assessment
rograms. However, while some generic or “framework” compo-
itions (i.e. formulations) are available, speciﬁc information about
he variability in concentrations over many formulations (for exam-
le for use in Monte Carlo-based assessments) has been scarce.
he work described here builds on and augments currently avail-
ble information by developing generic compositions from data on
housands of real PCPs in commerce, thereby adding variability to
urrent generic product formulations. These compositions will be
seful for predicting exposures for known chemicals in PCPs for
hich we have no quantitative weight fraction information and for
ew chemicals with known uses. Further improving the characteri-nctions in 66 personal care product categories. Heatmap is clustered on both axes
zation of variability in chemical concentrations across products in a
single category and across multiple product categories can improve
estimates of aggregate and cumulative exposures.
While we  were able to generate useful compositions for many
product categories, this exercise did identify some potential limi-
tations in ingredient databases derived from MSDS sources. MSDS
reporting rules are such that ingredient information is often incom-
plete; chemicals with weight fractions below a given threshold
may  be excluded (in general 1%, but 0.1% for identiﬁed carcino-
gens) [42]. Data gaps in some of the empirical compositions were
identiﬁed. The most obvious example of this was the PCP cate-
gory “Fragrances” (e.g., colognes). A majority of the 150 fragrance
products in the weight fraction dataset (83.86%) contained a sol-
vent (including ethyl alcohol), while only 40% reported containing
a chemical identiﬁed having the function “perfume.” It is likely that
this data gap results from the failure to report speciﬁc chemicals on
the MSDS due to the low concentrations of the chemicals, lack of
information about fragrance mixtures purchased from third parties,
or the absence of toxicity data. Formulations are also conﬁdential,
and no U.S. regulation requires the disclosure of any ingredient
in a fragrance mixture, or of all ingredients in consumer products
[43]. This kind of underreporting likely occurs for other functions as
well. Future data collection efforts should seek to identify and ana-
lyze additional information sources beyond MSDS sheets, including
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unctions outside of those used in consumer products will likely
ncrease this percentage since many of these chemicals are likely
sed in other sectors. However, the current analysis demonstrates
 promising path forward for identifying 1) the function of arbi-
rary chemicals and 2) weight fractions for data-poor chemicals
nown to be in consumer products. The analysis here was lim-
ted to PCPs since a large source of function data for these types
f products (the CosIng database) was available. However, the pre-
iction methodology can easily be expanded to more chemical
unctions that cover additional consumer product, article, or indus-
rial categories. Other information on functional use for chemicals is
urrently being developed by government [40] and industry [49,50]
rograms and additional classiﬁcation models can consider sector
f use in addition to function (e.g., to differentiate between solvents
n cleaning products versus solvents in PCPs). New classiﬁcation
odels can also include additional descriptors available for thou-
ands of chemicals, including structural information such as the
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lternatives assessment [52] and molecular repurposing by iden-
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asis of predicted function.
.3. Functional role and exposure potential of chemicals
The Organisation for Economic Co-operation and Develop-
ent’s (OECD) Guidance on the Grouping of Chemicals [53]
mphasizes the utility of chemical grouping with respect to adverse
utcome pathways or toxicological endpoints for the purpose of ﬁll-
ng data gaps. Grouping by function could be useful for analogous
ead-across in terms of exposure potential, as functional role can
etermine the types of consumer products or articles containing
hemicals and the concentrations in which they are present (e.g.,
ame retardants are primarily present in furnishings and clothing,
hile fragrances occur across many categories of PCPs and clean-
ng products). This read-across could be applied to exposure factors,
xposure measurement (monitoring) data, or exposure model pre-
ictions. The ability to perform such read-across will be required
or the development of robust assessments that consider aggregate
multi-pathway, multi-scenario, multi-product) exposures for sin-
le chemicals and ultimately cumulative assessments that consider
roups of chemicals with similar hazard endpoints.
. Conclusions
Qualitative and quantitative consumer product chemical ingre-
ient information is critical input to the exposure component of HT
isk-based analysis of chemicals. Such ingredient information is rel-
vant to multiple tiers of assessment, including screening of large
umbers of chemicals on the basis of exposure potential, identiﬁca-
ion of plausible exposure pathways for families of chemicals, and
evelopment of weight fractions ranges for use in detailed exposure
ssessments of single products, product families, or substances. The
ethods presented here make use of available information from
housands of real products and chemicals in commerce to build PCP
ngredient proﬁles and predictive chemical classiﬁcation models
n the basis of the functional roles that chemicals perform. These
ethods comprise a straightforward and standardized approach
or ﬁlling gaps in existing consumer product ingredient data for
se in HT chemical prioritization on the basis of exposure.
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